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Abstract
SSD-based tree indexes (e.g., B+tree) have been widely

adoptted in storage and database systems. Driven by modern
high-performance SSDs, much prior work has focused on
improving their overall throughput. However, when it comes
to latency, such approaches still suffer from the inherent bot-
tleneck of pointer chasing during index traversals, so query
latency does not benefit directly from faster SSDs. In this
paper, we propose Shortcut, a lightweight solution that trans-
forms the conventional wisdom of inherent access dependency
into one-shot traversal, thereby achieving low query latency.

Our key idea is to exploit intra-query parallelism by train-
ing per-level learned indexes as B+tree companion to predict
the traversal path in advance, and issuing multiple concurrent
I/O requests to prefetch all target nodes in a one-shot manner.
The main challenge we deal with is the excessive memory
overhead of the additional learned index, which originates not
from the machine learning (ML) models, but from two essen-
tial structures in it: the key array (for last-mile search) and
the value array (termed “mapping array”, for mapping model
predictions to arbitrary node locations in the file). Short-
cut eliminates two arrays through two techniques: Keyless
Learning Method and Phantom Mapping Mechanism, and
achieves nearly-zero memory overhead (∼0.6%). Evaluations
on YCSB and TPC-C show that Shortcut can reduce end-to-
end query latency by 26.2% to 64.8%.

1 Introduction
Tree indexes, with B+tree [1–3] as a representative, have long
been a cornerstone of data management, powering essential
applications such as databases [4, 5], file systems [6, 7], and
search engines [8]. A notable strength of B+tree is its efficient
on-disk layout, which delivers robust performance on persis-
tent storage: keys are organized in order through a multi-level
structure, enabling lookups with only a few I/O operations,
while partially filled blocks allow efficient insertions and dele-
tions with less-frequent structural changes.

Meanwhile, driven by advancements in hardware technol-
ogy (including storage media [9, 10] and interconnects [11,
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Figure 1: Comparison of different optimization spaces
for SSD-based tree index. (a) The original path follows a
dependent traversal. (b) Existing methods (e.g., async I/O,
coroutines) exploit inter-query parallelism to improve overall
throughput. (c) Our method further exploits intra-query I/O
parallelism to reduce per-query latency.

12]), modern SSD delivers ever-higher throughput [13, 14]
(e.g., 2.5M IOPS of Samsung PM1743 PCIe 5.0 SSD [15]).
With techniques such as asynchronous I/O and coroutines,
modern SSDs can substantially improve the throughput of
SSD-based B+tree [13, 16].

Unfortunately, the latency of individual indexing operations
does not benefit directly from this. The culprit is pointer chas-
ing [17], an inherent issue in traversing hierarchical tree index
structures. Such traversals exhibit inherent access dependency
(Figure 1a), forcing serial I/O operations and preventing the
full utilization of an SSD’s parallel processing capabilities.
Worse, existing throughput-oriented optimizations [4, 18, 19]
primarily rely on inter-query parallelism to improve hardware
utilization (Figure 1b); they can even degrade latency (e.g.,
by up to 2.3×) due to additional context-switching overhead.

In this work, we explore the opportunity of intra-query par-
allelism. The key idea is to proactively predict the traversal
path before initiating the actual traversal, and then issuing
multiple concurrent prefetching I/O requests in a one-shot
manner (Figure 1c). As a result, the entire traversal path is
predicted by the given search key rather than revealed pro-
gressively, enabling query latency reduction proportional to
the number of index levels.

Based on machine learning (ML), learned indexes [20–29]
offer a promising pathway to this goal. While initially ex-
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pected to replace B+tree for their advantage of data awareness,
their widespread adoption has been hindered by robustness
concern [30]. In this work, we propose a different perspective:
treating learned indexes as a companion to B+tree rather than
its replacement. Specifically, since index nodes at each level
inherently maintain an ordered structure, we can train a per-
level learned index to predict node positions with search keys,
achieving one-shot traversal.

The implementation of such a companion, however, faces
a significant challenge: memory overhead, since maintaining
an additional learned index for each tree level prohibitively
doubles overall memory usage. Our analysis of a strawman
design (named Shortcut-base) based on a state-of-the-art
learned index [23] shows that it is hard to keep the compan-
ion completely in memory (§3.3). We identify two inher-
ent space contributors: the key array (49.6%) and the map-
ping array (49.6%). The key array facilitates searching for
accurate positions within an error bound (known as last-mile
search [21, 23]). The mapping array translates model predic-
tions to node locations. Both are fundamentally required and
cannot be alleviated by simply trading model accuracy or
using different learned indexes.

To make Shortcut-base practical, we propose Shortcut,
an ultra-space-efficient (i.e., ∼0.6% space overhead) B+tree
companion, which achieves low query latency by leveraging
intra-query I/O parallelism.

Shortcut first introduces a Keyless Learning Method (§4.2)
to train ML models without storing the key array under a best-
effort paradigm. The key array in traditional learned indexes
serves to precisely determine key existence efficiently and
do last-mile search. In contrast, in the scenario of Shortcut,
neither of them is essential, since a prediction failure can fall
back to normal traversal path and cause no errors. Therefore,
the key array can be safely discarded. Meanwhile, we note
that the objective of Shortcut is to maximize the number
of perfect hits (as opposed to minimizing last-mile search in
typical learned indexes). To this end, we tailor a two-phase
fitting method that first performs coarse-grained piecewise
regression to partition the sorted data to segments, and then
refines the slope and intercept within each fitted segment to
further retain the prediction accuracy.

Due to the gap between contiguous model predictions and
arbitrary node locations (i.e., file offsets), the mapping array
cannot be discarded directly like the key array. Shortcut in-
troduces a Phantom Mapping Mechanism (§4.3) to hide the
space overhead of the mapping array with the assistance of
file system. Observing that the mapping array’s role closely
mirrors the file mappings from file offsets to SSD block ad-
dresses, we propose to store all nodes at a specific level of
the index contiguously in a dedicated file. This allows model
predictions to be naturally aligned with file offsets; a simple
calculation based on the model prediction can determine the
file offset. By retrofitting the file mappings in file system,
Shortcut effectively collapses two layers of address mapping

into one layer and makes the mapping array implicit.
Phantom Mapping Mechanism requires contiguous node

layouts to maintain a sequential mapping between model
predictions and node locations. However, when the tree struc-
ture changes (e.g., split/merge), such continuity is disrupted.
Shortcut employs a Punching-Aware Update Strategy (§4.4)
to incorporate recent such structural modifications. Specifi-
cally, when a node split occurs, the newly created node can
be viewed as a “hole” that must be injected into the region
adjacent to the split node. This can be handled using hole-
punching operations supported by file system. Based on the
observation that the hole-punching operations are performed
in a blocking manner and incur non-trivial overhead (nearly
1000× slower than pwrite as shown in [31]), we propose
to decouple them asynchronously from the critical path and
defer their execution through batch processing. This effec-
tively amortizes the overhead of hole-punching operations
over time. For node merges triggered by delete operations, we
can perform the inverse of creating holes by compacting the
surrounding data to remove holes.

We implement Shortcut as a plug-in and integrate it into
LeanStore [4,5,13,32], a widely-used state-of-the-art database
storage engine for NVMe SSDs. Our evaluations on YCSB
and TPC-C show that Shortcut can reduce the end-to-end
query latency by 26.2% to 64.8%, while introducing only
∼0.6% additional memory consumption.

In summary, this paper makes the following contributions:
• We analyze the latency bottleneck of SSD-based storage

systems and the limitation of existing techniques caused
by inherent pointer chasing.
• We propose Shortcut, a lightweight latency-optimized so-

lution by leveraging ML models, with the goal of achieving
intra-query I/O parallelism with high accuracy, space effi-
ciency, and dynamic adaptivity.
• Comprehensive experiments demonstrate the effectiveness

of latency reduction and memory efficiency of Shortcut.
The rest of this paper is organized as follows. We first

cover background on modern SSD-based storage and learned
indexes (§2), followed by analysis of the strawman design
(§3). We then dive into the Shortcut design (§4) and imple-
mentation (§5). Finally, we conduct evaluations (§6), discuss
related work (§7), and conclude (§8).

2 Background
2.1 Modern SSD-based Storage
The evolution of SSD is primarily driven by the underlying
media [9, 10] (such as NAND, Z-NAND, V-NAND, and 3D
XPoint) and device interconnects [12] (such as PCIe and
CXL). Internally, multiple flash channels are connected to
independent flash dies, each containing multiple planes orga-
nized into blocks and pages. The basic architecture enables a
high degree of internal parallelism [33].

To fully exploit this, most modern storage systems [13,
16] adopt asynchronous I/O interfaces, such as libaio [34],
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io_uring [35], and SPDK [36], to increase the number of
concurrent I/O requests when interacting with SSDs. These
interfaces make it easier to exploit the throughput provided
by SSDs. Among them, SPDK achieves the best performance
by bypassing the kernel, but suffers from limited ease of use.
Since SPDK operates entirely in user space and requires ex-
clusive control over storage devices, it cannot be concurrently
shared among multiple independent applications. This lim-
itation restricts its applicability in multi-tenant or general-
purpose environments [37, 38]. Consequently, this work pri-
marily focuses on the kernel I/O stack.

From a top-down perspective within the full kernel I/O
stack, the I/O execution process involves multiple layers of
address translation. The application first generates a file offset,
which is translated into a logical block address (LBA) by file
system. Once converted to an LBA, the request is sent to the
SSD via the NVMe protocol. Finally, the flash translation
layer (FTL) translates the LBA into a physical block address
(PBA), completing the data access.

2.2 Learned Indexes
Recent studies have introduced learned indexes and explored
how to efficiently handle structural modifications under dy-
namic workloads, with the goal of regarding learned indexes
as a promising replacement for traditional indexes [20–29].
The key insight of learned indexes is to view the mapping
from keys to their locations as a model that can be fitted using
machine learning methods. By doing so, learned indexes can
utilize model prediction to accelerate the search process with
up to 3.2× lower space overhead compared with traditional
indexes (like B+tree) [39, 40].

However, learned indexes still fail to fully replace tradi-
tional indexes due to several inherent challenges that are diffi-
cult to completely resolve [30]. In particular, learned indexes
suffer from poor robustness and significant performance fluc-
tuations on challenging data distributions. In contrast, tradi-
tional indexes consistently deliver steady performance regard-
less of data distributions. In this work, we rethink the role of
learned indexes to better leverage their advantages.

3 Motivation and Challenges
3.1 Limitation of Inter-Query Parallelism
To analyze the limitation of existing throughput-oriented op-
timizations, we use FIO [41] and YCSB [42] to benchmark
random read performance on a Samsung PM9A3 SSD by
varying levels I/O concurrency. For FIO, we use io_uring
as the asynchronous I/O engine and vary the I/O depth. For
YCSB, we conduct experiments on LeanStore, which supports
coroutine-based query context switching, and vary the number
of coroutines assigned to each thread. Both experiments are
carried out using 24 threads, and the page size is set to 4 KB.

As shown in Figure 2a, increasing the I/O depth improves
throughput but comes at the cost of higher latency. Specifi-
cally, for FIO, the P50, P75 and P95 latencies increase by up to

2.3×, 2.2×, and 1.6×, respectively. For YCSB, the per-query
latency exhibits a similar trend, which is primarily attributed
to I/O accesses during traversals and additional overhead in-
troduced by coroutine scheduling.

Observation #1: Exploiting inter-query parallelism to
leverage SSD bandwidth is purely throughput-oriented and
can markedly increase end-to-end latency. This is particu-
larly problematic for pointer chasing, where the accumulated
I/O latency becomes more sensitive. The underlying reason is
that although exiting techniques exploit aggregate bandwidth
across multiple queries, they fail to enhance the effective
per-query bandwidth utilization due to inherent dependency.
Addressing this limitation is the goal of Shortcut.

3.2 Opportunity of Intra-Query Parallelism
In this section, we explore the optimization potential of intra-
query parallelism and introduce a strawman solution, named
Shortcut-base, to alleviate the latency bottleneck arising from
pointer chasing.

To break the conventional wisdom that one complete traver-
sal path can only be revealed progressively as the traversal
proceeds level by level, Shortcut-base trains learned indexes
as B+tree companion to predict the traversal path in advance.
Specifically, for traditional tree-based indexes like B+tree, the
nodes at each level can be regarded as a sorted array. There-
fore, for each level, by taking the boundary (i.e., upper or
lower) keys covered by each node as inputs and the node IDs
as outputs, we can construct an efficient learned index to pre-
dict the position of the target node at that level. By doing this
for each level, the complete traversal path can be predicted
before the actual traversal starts.

Figure 3a illustrates three main components of the per-level
companion: 1) the ML models are trained to approximate the
distribution from keys to node IDs through linear regression.
2) the keys, represented as the key array, are used to perform
last-mile search to find the accurate node to access (i.e., node
ID), and 3) the associated values, represented as the mapping
array, store the mapping from node IDs to node locations (i.e.,
file offsets), which are subsequently translated by file system
and delivered to SSDs as prefetching I/O requests. In fact, the
key array and mapping array are the key-value pairs in the
leaf nodes of learned indexes.

We implement Shortcut-base based on the state-of-the-
art updatable learned index ALEX [23] and integrate it into
LeanStore. Figure 2b presents the query latency CDF and
achieved throughput under 24 threads and 4 coroutines. Com-
pared with LeanStore, Shortcut-base reduces the P50 and P95
latencies by 17.9% and 20.7%, respectively. It also improves
overall throughput by 23.4%.

Observation #2: Shortcut-base can achieve a notable
reduction in per-query latency without affecting through-
put. This is achieved by training learned indexes as B+tree
companion to predict the traversal path in advance, enabling
parallelized I/O requests within a single query. The reduced la-
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Figure 2: Motivation. (a) Trends in throughput and latency by varying I/O concurrency on FIO (iodepth) and YCSB (number
of coroutines in LeanStore). (b) Performance comparison of LeanStore and Shortcut-base. (c) Space consumption breakdown of
Shortcut-base. (d) Prediction accuracy CDF of existing training methods by eliminating the key array directly and relying on the
predicted position. (e) Latency and prefetching accuracy changes under insert-heavy workload (50% read, 50% insert) with
latest distribution. N.U. refers to Shortcut-base not being updated to reflect the structural changes of the original index.

tency further improves throughput by allowing shorter critical
sections for better concurrency.

3.3 Challenges
While our analysis demonstrates the potential performance
benefits of Shortcut-base, we also draw two lessons showing
that it is not yet practical.

Lesson #1: Shortcut-base suffers from excessive memory
overhead due to the additional learned indexes. We observe
that the memory consumption of Shortcut-base is less effi-
cient than expected, as described in §2.2. Figure 2c presents a
detailed breakdown. The key array and the mapping array ac-
count for the majority of the total memory footprint, consum-
ing 49.6% and 49.6%, respectively, while the ML models and
other metadata contribute only 0.8%. Such excessive memory
consumption is difficult to warrant in real-world scenarios.
For example, mainstream storage-optimized cloud instances
(Amazon EC2) exhibit a memory-to-SSD capacity ratio of
roughly 1% [43]. In our test, the total B+tree size is 2.6 TB,
and the inner nodes consume 26.3 GB (∼1%). Further, a sub-
stantial portion of memory is allocated for data cache and
other runtime components [37], leaving less available mem-
ory for index cache. Thus, Shortcut-base competes heavily
with index cache.

We then take a deep dive into the root cause of the space
inefficiency in Shortcut-base. Existing learned indexes are
designed as replacements for B+tree. As such, all of them
fundamentally require the key array for correctness (last-mile
search) and mapping array to store associated values (i.e.,
arbitrary node locations in Shortcut-base). Both cannot be
alleviated by simply trading model accuracy or using different
learned indexes.

For the key array, it is possible to discard it directly and
only rely on the predicted position by ML models, but this
may lead to a decrease in prediction accuracy. To quantify this
effect, we evaluate three training methods commonly used in
learned indexes [20,21,23]. As shown in Figure 2d, the overall
highest accuracy is achieved by PGM [21]. Nevertheless, 99%
of ML models exhibit an accuracy below 36%. The severe
accuracy degradation motivates the need for a tailored training

method for our scenario.
For the mapping array, it cannot be discarded directly as

the functionality for address translation must be preserved.
Otherwise, an I/O request would be unable to determine the
address for data access. Therefore, achieving space efficiency
for the mapping array also remains a challenge.

Lesson #2: Shortcut-base suffers from limited perfor-
mance benefits if it fails to adapt to structural modifications
in the original index. As Figure 2e shows, when new keys
are inserted, the latency reduction of Shortcut-base gradually
diminishes if it is not updated to reflect the structural changes
(depicted as N.U.) in the original index caused by node splits.
The underlying reason is that the prefetching accuracy during
runtime gradually degrades over time as node splits occur.
This motivates the need for an adaptive design capable of cop-
ing with structural modifications under dynamic workloads.

Moreover, Figure 2e provides an important insight that
updating Shortcut-base immediately after a node split is un-
necessary, as the correctness of index queries does not rely
on prefetching. Within a certain tolerance for inaccuracy,
Shortcut-base can still deliver notable performance benefits.

Building on the lessons learned from Shortcut-base, we
summarize three main challenges that must be addressed:
• High accuracy. The prediction accuracy for the traversal

path is essential to achieve the benefits of parallel prefetch-
ing I/O requests. However, simply dropping the key array
would be disastrous for accuracy.
• Space efficiency. Given the limited memory budget, allo-

cating additional space to predict the traversal path becomes
prohibitively expensive and impractical if it entails a large
memory footprint.
• Dynamic adaptivity. Since the original index may undergo

structural modifications under dynamic workloads, these
changes should be accurately tracked.

4 Design
4.1 Architecture
Motivated by our analysis, we propose the design of Short-
cut, which maintains an ultra-space-efficient approximate
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mapping from search keys to their traversal paths. Our key
insight for minimizing memory consumption is to tailor ML
models to capture only necessary information for one-shot
traversal, and to leverage internal file system mechanisms to
map keys to node locations instead of storing this information
in Shortcut.

The architecture of Shortcut is shown in Figure 3b. To
address the aforementioned key challenges, Shortcut intro-
duces three techniques.

1) Keyless models. Shortcut prefetches all target nodes
based on the predictions of keyless ML models. We propose
a learning method (§4.2) that strives for maximal, yet achiev-
able, prediction accuracy under a best-effort paradigm while
eliminating the need to store the key array.

2) Phantom mapping. Shortcut retrofits the file mappings
in file system (§4.3) to hide the space overhead of the mapping
array. By storing index nodes contiguously in the file, the
arbitrary mapping from model predictions to file offsets is
converted into a sequential mapping, thus making the mapping
array implicit.

3) Punching-aware update. Shortcut employs an efficient
strategy (§4.4) to preserve the contiguous node layout, which
is disrupted by structural modifications in the original index.
By optimizing punching operations supported by file system,
Shortcut can adapt to these changes asynchronously.

Overall, the basic workflow operates as follows: 1) Be-
fore initiating the traversal of the original index for a given
key, Shortcut first predicts all target nodes, which are sub-
sequently issued as asynchronous prefetching I/O requests
to SSDs. 2) During the actual traversal from the root, if a
target node is not yet cached, the system checks for a prior
prefetching request. On a hit, it switches to another query and

subsequently polls for completion. Otherwise, it falls back to
the regular path and immediately issues a standard I/O request
to access the node. 3) When a node split occurs, the file sys-
tem will allocate available space for the newly created node
(e.g., at the end of the file). The event is temporarily stashed
and later reflected in Shortcut.

4.2 Keyless Learning Method

We revisit the differences between the ML models used in
prior learned indexes and those used in our one-shot traver-
sal scenario. The key array serves two purposes in learned
indexes: (1) for performing last-mile search to locate the cor-
responding key–value pair precisely, and (2) for determining
with certainty whether a queried key exists.

However, in one-shot traversal, neither of these functional-
ities is essential: (1) a prediction failure does not cause any
errors, and (2) regardless of whether the key exists, the same
path will be accessed by the subsequent actual traversal. Thus,
storing the key array becomes unnecessary.

We propose a keyless learning method – its key idea is to
achieve high prediction accuracy without storing keys, fol-
lowing a best-effort paradigm. Figure 4 illustrates a keyless
model in Shortcut and compares it with a typical model used
in learned indexes. They differ in three aspects: (1) optimiza-
tion goal, (2) training data collection, and (3) fitting method.
We describe each below.

Optimization goal. Given a key setK , the goal of a typical
model in learned indexes is to maximize the search perfor-
mance (i.e., overall throughput), which corresponds to mini-
mizing the distance of last-mile search to reduce the number
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correctness for searching keys. (b) The keyless model in Short-
cut is expected to hit and incurs no error when misses.

of key comparisons. This can be formalized as:

minimize last-mile search =min
M

∑
x∈K

|M(x)− y| (1)

where M(x) denotes the position predicted by model M for a
given key x, and y denotes the true position.

In contrast, in one-shot traversal, inaccurate predictions, no
matter how closely the predicted position approximates the
actual position, result in prefetching misses. Thus, the goal of
Shortcut is to maximize the number of perfect hits, which
can be formalized as:

maximize # of perfect hits = max
M

∑
x∈K

I(M(x) = y) (2)

where I() denotes an indicator variable, which equals 1 if the
condition is true and 0 otherwise.

Collecting the training data. To train keyless models from
scratch, Shortcut needs to collect the boundary keys for each
node as the training data. The boundary key can be chosen as
either the upper or lower key covered by the subtree rooted
at the current node. Note that the maximal or minimal key
within a node is not sufficient to represent its boundary, be-
cause the actual boundary lies beyond this range, which is
determined by its parent or upper-level ancestors, as shown in
Figure 5. Thus, the training data collection can be efficiently
implemented by traversing all inner nodes, without the need
for a time-consuming scan of all leaf nodes. Moreover, se-
lecting only one key per node can also simplify the fitting
difficulty and reduce the impact of local outliers.

Fitting method. After collecting the training data, we have
obtained the per-level sorted key arrays. We train ML mod-
els for each level through a two-phase fitting method. In the
first phase (coarse-grained fitting), similar to a learned in-
dex [21, 44], the per-level dataset is further partitioned into
multiple segments (i.e., multiple linear pieces), via piecewise
linear regression. For each point <key, node ID>, we deter-
mine whether it can be incorporated into the current segment
by adjusting the slope and intercept. This phase yields the

3, 8,15 27,31,36

23, 40, 70

0, 1, 2, 3 5, 7, 8 10, 13, 14 16, 18, 21 … [ 3, 8, 15, 23, 27, 31, 36, 40, …, # ]

❶ from parent
❷ from ancestor
❸ #: sentinel key (MAX) …

inner node
leaf node

maximal key within a node ≠ upper boundary

[ … ]

[ … ]
collect boundary key array for each level: [by traversing all inner nodes]

Figure 5: Collecting the training data. Taking the upper
boundary key array at the leaf level as an example, 3, 8, 15,
27, 31, and 36 can be collected from their parent nodes, while
23, 40, and 70 are from their ancestors (the root node).

minimal number of segments required to approximate the
distribution based on a predefined error bound, which corre-
sponds to the lowest space consumption for models.

In the second phase (fine-grained fitting), we propose to
fine tune the fitted curve for each segment, aiming to maxi-
mize the object function Equations 2. However, it is infeasi-
ble to directly optimize this objective, as I(M(x) = y) is dis-
crete, discontinuous, and non-differentiable, thereby preclud-
ing the use of conventional gradient descent or least squares
approaches. In this work, we replace the indicator function
with the squared error and then perform optimization via least
squares minimization.

Our experiments (§6.3) demonstrate that, the keyless mod-
els trained via the two-phase fitting method achieve around
50% average prediction accuracy, which is sufficient for
Shortcut.

4.3 Phantom Mapping Mechanism
While the key array can be discarded, the mapping array is
indispensable as it bridges the gap between the contiguous,
logical predictions of ML models, and the random, physi-
cal file offsets of tree nodes. This stems from the fact that
the model predictions are typically monotonically increasing,
whereas the file offsets are often allocated in a fragmented
and non-contiguous manner. As discussed in §3.3, the space
overhead of an explicit mapping array is substantial, which is
on the same order of magnitude as the number of leaf nodes
in the original index. To address this, Shortcut proposes a
phantom mapping mechanism to hide the space overhead of
such a mapping array, as Figure 6 shows.

Contiguous node layout is the key. Based on the observa-
tion that the mappping array serves to map model predictions
arbitrarily to file offsets, Shortcut proposes to store nodes
at each level contiguously within the file, converting the ar-
bitrary mapping into a sequential mapping. The contiguous
node layout implicitly serves the role of a mapping array, as
the file offset of a node can be directly computed by multiply-
ing its node ID by the node size (e.g., 4 KB). This effectively
collapses two layers of address translation, from node IDs
to file offsets and from file offsets to LBAs, into a single
step, thereby avoiding the space overhead of maintaining an
explicit mapping array.

Hole-punching operations can preserve the required
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and file mappings). (b) The phantom mapping converts the
arbitrary mapping from model predictions to file offsets into a
sequential mapping by storing nodes contiguously in the file.

contiguity. The contiguous node layout can be disrupted by
structural modifications in the original index such as node
splits and merges, which can be preserved through hole-
punching operations. Linux file systems such as Ext4 and
XFS support hole punching, which allow a hole of a speci-
fied length to be created (i.e., insert-range) or removed (i.e.,
collapse-range) at a given file offset. All subsequent file off-
sets are shifted by the hole length, without the need to move
actual data. Only the metadata (i.e., file mappings) is updated,
which is typically stored in an efficient index in file system.

Separation of levels into distinct files. To minimize in-
terference across different index levels, all nodes within the
same level are stored separately in a dedicated file. This en-
sures that structural modifications occurring within one level
induce no cascading disruptions at other levels.

4.4 Punching-Aware Update Strategy
The required contiguity in phantom mapping can be preserved
through hole-punching operations in file system. Unfortu-
nately, these operations complicate updates, as they are per-
formed in a blocking manner and suffer from poor perfor-
mance. To address this, we propose a punching-aware update
strategy, which decouples hole punching from the critical
path of foreground queries in an asynchronous manner.

Updates do not interfere with foreground query execu-
tion. When a node split/merge occurs, we do not immediately
create or remove a hole at the corresponding position. In-
stead, we log the event in a customized stash queue and defer
the actual execution of multiple hole-punching operations
in batches, allowing the cost to be amortized. During asyn-
chronous batch processing, Shortcut is temporarily disabled,
while foreground queries can continue to proceed along the
regular traversal path without any interruption.

Note that the file offset of node position is affected by hole-
punching operations. Therefore, in the original index, we
use LBAs rather than file offsets as child pointers. This only
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Batching
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Figure 7: Design of punching-aware update strategy.

requires the file system to expose a GET_LBA interface [31]
for the application to get the LBA given a file offset, without
introducing any side effects.

The detailed logging and batching procedures are shown
in Figure 7 and described as follows:
• Logging. Upon a structural change to a node, we record a

log entry in the stash queue, containing the current level,
the LBAs of the original node and the newly created or
removed node. The accumulated log entries serve as meta-
data to guide subsequent hole-punching operations.
• Batching. Once the size of the stash queue reaches a pre-

defined threshold (5% new split nodes), the correspond-
ing batch of hole-punching operations is executed asyn-
chronously in the background. Based on file mappings, we
construct a temporary hash table with LBAs as keys and file
offsets as values. This allows each log entry to be efficiently
resolved to the exact file offsets where holes need to be
created or removed. According to the punching positions,
we punch each hole one by one. Finally, to update the ML
models, we can efficiently collect the latest key array by
traversing only the inner nodes, as described in §4.2. The
models for each level are then retrained accordingly.
Optimization: selective prefetching. Although our pro-

posed update strategy enables Shortcut to efficiently track
structural changes in the original index, the prediction accu-
racy may still exhibit sharp drops in certain models, particu-
larly under irregular or highly dynamic key distributions. To
address this, Shortcut incorporates a feedback mechanism
at the end of each traversal to track run-time prefetching ac-
curacy. Based on the observed statistics, we can selectively
invalidate models with low accuracy, allowing for subsequent
background adjustments.

4.5 Concurrency
The concurrency issue of Shortcut arises in two cases. First,
the dedicated background thread for collecting training data
does not acquire any latches on the B+tree (similar to normal
lookups) and checks versions to detect read-write conflict.
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Additionally, since nodes previously traversed may undergo
new structural changes, we record them as temporary logs.
This ensures that, once the collection is completed, the state
of the collected key array (along with the temporary logs) and
the update stash queue remain consistent.

Second, during the batching of hole-punching operations,
concurrent structural changes may occur; we record these
changes in a new stash queue, to be applied when Shortcut
is next triggered for an update.

4.6 Recovery
Shortcut is lightweight enough to be rebuilt on demand with
minimal time and space overhead. Thus, it can be treated as
a non-persistent structure. If durability is required, we can
choose to persist the ML models during I/O idle periods. The
persistence of hole-punching operations, which modify file
mappings, is fully managed by the underlying file system.
The file system’s logging mechanism ensures recovery to a
consistent state after a crash.

5 Implementation
We implement Shortcut as a plug-in that can be seamlessly
integrated into a real system with minimal code intrusion. The
two-phase fitting method for training keyless models is im-
plemented based on [21], which can provide provably space
bounds in the worst case. We build on the underlying file
system used in prior work [31], which provides the GET_LBA
interface. It also supports high-throughput hole-punching op-
erations, which facilitates our asynchronous punching and
batching techniques.

Integration. LeanStore [4, 5, 13, 32] is a widely-used state-
of-the-art database storage engine for NVMe SSDs, which
provides over 2× throughput than other systems such as
WiredTiger [45]. The branch that we forked [13] also sup-
ports cooperative multitasking based on Boost coroutine li-
brary [46]. Our modifications to LeanStore comprise around
500 LoC, which primarily involve inserting barriers to redirect
the regular traversal path to one-shot path, managing the allo-
cation and reclamation of memory resources for prefetching,
and coordinating interactions with the memory cache.

Caching. To interact with the memory cache of index
nodes, we use a hash table to exclude those cached nodes
from prefetching to reduce wasteful usage of SSD bandwidth.
Meanwhile, the prefetched nodes are initially placed into a
temporary prefetch pool in memory. Only valid (i.e, accurate)
prefetched nodes are subsequently admitted into the memory
cache and become visible to cache accesses, which can also
prevent cache pollution caused by inaccurate prefetching.

6 Evaluation
6.1 Experimental Setup
Environment. We conduct all experiments on a dual-socket
machine equipped with two 28-core Intel Xeon CPU Gold
6330 Processors, 500 GB of DRAM, and a 3.84 TB Samsung

PM9A3 SSD. The code is compiled using GCC 11.4.0 with
the optimization of -O3 and run on Ubuntu 22.04.5 with
Linux kernel version 5.15.0-136. Hyper-threading is disabled,
and all threads are bound to a single NUMA node.
Workloads. We use the Yahoo! Cloud Serving Benchmark
(YCSB) [42] as our microbenchmark, which contains six
workloads. Both uniform and zipfian (α = 0.99) distributions
are evaluated, which are generated in an open-loop manner
with request arrivals following a Poisson distribution. For
each workload, we initialize the B+tree with a target size of
100 GB (about 3.3 billion 8B-8B key-value pairs), resulting in
a tree height of 5. The size of B+tree node is set to 4 KB and
the node fanout is 198. Unless otherwise stated, we allocate
the memory cache sized at 1% [37, 43] of the B+tree and
warm it up before running each test.
Datasets. In addition to the synthetic (i.e., linear) dataset used
in YCSB, we also use four real-world datasets with increas-
ing fitting difficulty [39]: 1) covid: Tweet IDs with COVID-
19 [47], 2) libio: repository IDs from Libraries.io [48], 3)
genome: loci pairs in human chromosomes [49], and 4) osm:
sampled OpenStreetMap locations [50]. Each dataset contains
200M 8B unsigned integer keys.
Comparison Systems. We compare Shortcut with the fol-
lowing baselines: 1) LeanStore: the default baseline that per-
forms dependent traversals on B+tree. 2) Shortcut-base: the
strawman solution that achieves perfectly accurate prefetching
but incurs excessive memory overhead. 3) Shortcut-sync: a
variant of Shortcut that performs synchronous hole-punching
operations to preserve the required contiguity in the phantom
mapping mechanism. All of them use io_uring [35] as the
asynchronous I/O interface.

We also compare with three existing systems optimized
with learned indexes: DLI [44], Bourbon [51] and XStore [52].
DLI is an efficient on-disk learned index to fully leverage the
characteristics of disk storage. Bourbon utilizes learned in-
dexes for LSM-trees to provide fast lookups. XStore is a
learned cache for RDMA-based tree index by training ML
models over leaf nodes1. The three competitors use back-
ground threads for model (re)training; we keep their thread
counts consistent for fair comparison.

All systems set O_DIRECT to bypass the page cache in the
kernel. Unless stated otherwise, we run 24 worker threads for
all experiments, with dedicated threads for workload genera-
tion and background profiling. Except when comparing with
three exsiting systems, each worker thread use 4 coroutines.

6.2 YCSB Performance
In this section, we evaluate the end-to-end query latency and
overall throughput of Shortcut, LeanStore and Shortcut-base
using YCSB. Notably, Shortcut-base represents the optimal

1Although XStore is not originally proposed for SSD scenario, we im-
plement its core idea under static workloads: fetching all target leaf nodes
within the error bound of model predictions to ensure searching correctness,
thereby replacing the traversal of the whole tree structure.
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Figure 9: (Exp #2) Throughput under YCSB workloads.
(a) uniform, (b) zipfian.

performance improvement of Shortcut at the cost of exces-
sive space overhead.

Exp #1: End-to-end query latency. Figure 8 shows the
end-to-end query latency CDF under YCSB workloads. We
can make the following observations: 1) Compared with
LeanStore, Shortcut consistently achieves lower latencies,
with reductions of 26.2% to 64.8% and 19.1% to 69.9% at
the P50 and P95 percentiles, respectively. This benefits from
converting the sequential I/O within individual queries into
parallel prefetching requests based on the predictions of traver-
sal path. 2) Compared with Shortcut-base, Shortcut exhibits
a modest latency gap from 1.8% to 21.8%. This is because
Shortcut-base retains the key array to enable perfectly accu-
rate prefetching, whereas Shortcut relies on keyless models,
inevitably introducing some prefetching misses. 3) Compared
with the uniform distribution, the latency CDF curve under the
zipfian distribution shifts upward. This is because a portion
of hot nodes can be served directly from the memory cache,
avoiding to trigger I/O operations.

Exp #2: Overall throughput. Figure 9 shows the through-
put under YCSB workloads. Similar to latency results, the
throughput of Shortcut lies between that of LeanStore
and Shortcut-base. Under uniform and zipfian distributions,
Shortcut outperforms LeanStore with slight throughput im-

provements of 2.1% to 13.9% and 1.5% to 21.4%, respectively.
This is because Shortcut suffers few misses on YCSB syn-
thetic dataset. The achieved lower latency enables shorter
critical sections, allowing better concurrency and ultimately
leading to a marginal throughput increase.

Exp #3: Insert-heavy workload. To demonstrate the effec-
tive update of Shortcut under dynamic workloads, Figure 10
shows the performance timeline of insert-heavy workload
(50% read, 50% insert) with latest distribution after loading
300M key-value pairs. As time elapses, the prediction accu-
racy of Shortcut remains stable around 58% to 62% through
periodic updates asynchronously, thereby sustaining through-
put and latency without decline. The training of Shortcut
takes 1s with only one background thread, and retraining
is triggered every ∼100s. In contrast, Shortcut-sync suffers
from a throughput and latency drop of over 1000× due to
its blocking execution of hole-punching operations, which
severely stalls foreground queries.

6.3 Real-world Datasets
In this section, we evaluate the effectiveness of Shortcut on
real-world datasets with various fitting difficulties.

Exp #4: Throughput and latency. Figure 11 shows the
throughput, P50 latency, and P95 latency on four real-world
datasets. The linear dataset acts as a reference, and the work-
load is generated by YCSB. Compared with LeanStore, Short-
cut retains similar throughput, although with 10% bandwidth
waste caused by mispredictions. For P50 latency, Shortcut
achieves 15.4% to 66.7%, 17.3% to 63.9%, 15.7% to 61.1%,
and 14.2% to 68.9% latency reduction on covid, libio, genome,
and osm, respectively. This is attributed to the stable predic-
tion accuracy under various data distributions, which will be
analyzed later. The P95 latency shows less noticeable im-
provement due to the combined effect of prefetching misses
and hardware factors (e.g., SSD garbage collection).

Exp #5: Best-effort prediction accuracy. To provide a
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Figure 11: (Exp #4) Performance on real-world datasets. OSM is recognized as the hardest dataset [39].

fine-grained view of the prediction accuracy achieved by the
ML models in Shortcut, we scan all loaded keys and mea-
sure the prediction accuracy for each fitted segment (i.e., each
model). As shown in Figure 12, the prediction accuracy ex-
hibits distinct patterns across various data distributions. For
the linear dataset, all of the segments achieve over 50% predic-
tion accuracy. For harder distributions on real-world datasets,
although the prediction accuracy exhibits a slight downward
trend as the fitting difficulty increases, the average accuracy
remains stable around 50%. This is attributed to the refine-
ment of the slope and intercept for each fitted segment in our
tailored training method.

6.4 Comparison with existing systems
In this section, we compare Shortcut with DLI and Bourbon
to evaluate the performance of different SSD-based storage
systems optimized with learned indexes. We also compare
Shortcut with the core idea of XStore on SSD to evaluate the
performance of different strategies to fetch leaf nodes.

Exp #6: Comparison with DLI, Bourbon and XStore.
To ensure a fair comparison for all competitors, we configure
approximately the same memory budget of 80 MB (1% of
the B+tree size in Shortcut), used as the memory cache for
index nodes in Shortcut and XStore, the dynamic stage for
accommodating insertions in DLI, and the memtable in Bour-
bon, respectively. For Shortcut, each worker thread uses 1
coroutine, as coroutines are not supported by the other com-
petitors. We first load 200M key-value pairs, and then run two
YCSB workloads with different read/write ratios. As shown

in Figure 13, we make the following observations:
1) For workload A (100% read), Shortcut achieves 1.4×

higher throughput than Bourbon and comparable through-
put to DLI under uniform distribution. When the distribution
shifts to zipfian, Bourbon and DLI maintain performance simi-
lar to that under uniform distribution, while Shortcut achieves
1.4× higher throughput. This is because Shortcut can utilize
memory cache more effectively for lookups, whereas Bour-
bon and DLI mainly use memory as a write buffer and are
unable to cache read-intensive hotspots.

2) For workload D (95% read, 5% insert), the P95 tail
latency of DLI fluctuates significantly under uniform distribu-
tion. The reason is that although the dynamic stage in mem-
ory can accommodates new insertions, the triggered merging
procedure into the static stage on SSD adversely impacts per-
formance. The throughput of DLI even drops by more than
10× under latest distribution. The throughput and latency of
Bourbon are comparable to those of Shortcut, with a por-
tion of the P95 latency fluctuations arising from background
compactions in LSM-trees.

3) Compared with XStore under workload A (100% read),
Shortcut achieves 1.7× and 2.4× higher throughput under
uniform and zipfian distribution, respectively. We explain this
from two aspects. First, Shortcut prefetches only one node
with high accuracy for each level of the traversal path, and
excludes already cached nodes to further avoid wasting SSD
bandwidth, whereas XStore prefetches multiple leaf nodes
based on the error bound of ML models. Our profiling result
shows that XStore consumes 1.9× more SSD bandwidth than
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Shortcut, leading to poor performance under uniform distri-
bution. Second, XStore is also unable to effectively interact
with the memory cache for index nodes, since the entire de-
pendent traversal is bypassed. For a given search key, it cannot
determine which leaf node to access, and check whether it
has already been cached. As a result, XStore delivers similar
performance under both uniform and zipfian distributions.

6.5 Sensitivity Analysis
In this section, we vary different experiment parameters to
evaluate the sensitivity of Shortcut to these changes.

Exp #7: Concurrency. Figure 14 shows the impact of con-
currency by varying the number of threads and coroutines.
When the number of coroutines is fixed at 1 and the number of
threads increases, throughput improves while latency shows
only a slight increase. When the number of threads is fixed at
24 and the number of coroutines increases, throughput contin-
ues to improve, but latency increases significantly. Using 24
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Figure 15: (Exp #8) Sensitivity: Impact of memory cache
size. Workload: C - uniform. Cache ratio: (a) 1:200, (b) 1:100,
(c) 1:50

threads with 4 coroutines represents a sweet point, as further
increasing the number of coroutines yields only a marginal
throughput improvement of 9.3% but causing 2× latency.

Exp #8: Memory cache size. Figure 15 shows the impact
of memory cache size on the performance benefits of Short-
cut. When the memory cache size is enlarged, the latency
reduction benefits shift toward higher percentiles, which pri-
marily result from multiple I/O requests within a query that
can be optimized by Shortcut. When the memory size is suffi-
cient to cache all inner nodes, it falls outside the optimization
scope of Shortcut. In such scenarios, one-shot traversal can
be disabled and will not cause any performance degradation.

Exp #9: Model size. Figure 16 shows the variation of
prediction accuracy and throughput performance on linear
dataset with different model size by tuning the error bound
parameter ε during the first fitting phase. As ε increases, the
number of fitted segments decreases, resulting in a smaller
model size. However, the prediction accuracy is also sensitive
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Figure 17: (Exp #10) TPC-C Performance.

to ε, which leads to a throughput decline of up to 21.9%
when ε increases to 8. We argue that even with ε = 1 (the
most accurate case), the additional space consumption of
the models is negligible 1 MB, where the models can most
precisely detect local outliers and partition them into distinct
segments for further fine tuning within each segment.

6.6 TPC-C Performance
In this section, we demonstrate the effectiveness of Short-
cut under production workload TPC-C [53] and analyze its
memory efficiency.

Exp #10: Transaction latency. We deploy 2000 ware-
houses (320 GB in total) and build indexes on the primary
keys of each table. The memory cache size is configured
to 1.6 GB. Each transaction requires multiple index queries.
As shown in Figure 17, compared with LeanStore, Short-
cut reduces the P50 and P95 latency by 27.5% and 10.3%,
respectively.

Exp #11: Memory efficiency. Table 1 further shows the
comparison of memory efficiency in the aforementioned ex-
periment using QPS/GB, with the throughput evaluated under
a predefined SLA. We define the SLA as requiring latency
below 5 ms. Compared to LeanStore, Shortcut-base achieves
1.19× higher QPS but incurs 1.73× higher memory overhead.
In contrast, Shortcut achieves 1.13× higher QPS at nearly-
zero additional memory overhead (∼0.6%). Consequently,
Shortcut achieves 1.13× and 1.62× higher memory efficiency
than LeanStore and Shortcut-base, respectively.

7 Related Work
SSD-based Tree Index. B+trees [1–4,16] and LSM-trees [54–
56] are the most widely used indexes in modern SSD-based

Solution Memory (GB) QPS QPS/GB

LeanStore 1.60 15244 9528
Shortcut-base 2.76 18216 6600

Shortcut 1.61 17262 10721

Table 1: (Exp #11) Memory efficiency comparison of dif-
ferent solutions. QPS is SLA-bounded.

storage systems. Prior works have also introduced on-disk
learned indexes [44, 57], but they suffer from similar robust-
ness issues as in-memory learned indexes [20–29]. Thus, sev-
eral works [51, 52] propose to combine the idea of learned in-
dexes to make indexing faster. Bourbon [51] leverages learned
indexes for LSM-trees to accelerate index block lookups in
SSTables. However, it still suffers from access dependency
across multiple levels, as upper levels hold the freshest data
and must be accessed first. In contrast, Shortcut achieves low
index latency for B+tree by training ML models to address
inherent pointer-chasing dependency.
Prefetching techniques. Prefetching is a common technique
for reducing access latency and can be categorized into two
classes based on their scope [58]. The first class consists of
general-purpose prefetchers, which track access history or pat-
tern, mine correlations, and predict future accesses under the
prior assumption of temporal and/or spatial locality [59–64].
The second class leverages application-specific knowledge,
such as prefetching for linked data structures [17,65,66], indi-
rect memory access [67], graph [68, 69], and LSM-trees [70].

For B+tree, existing methods [71–73] are limited to enlarg-
ing node size to prefetch multiple blocks within a single level
but cannot prefetch across the whole traversal path. For other
tree indexes, Cuckoo Trie [74] leverages a hash representation
of trie and prefetches the locations of multiple prefix lengths
to exploit memory-level parallelism. However, it is a novel
and carefully designed in-memory index, whereas Shortcut
requires no modification to the underlying SSD-based tree
structure. ASAP [75] targets radix tree traversal for page table
lookups. It pre-allocates a contiguous virtual memory region
for all nodes at the same level, allowing the virtual addresses
of all page-table levels to be derived from a given virtual
address. This approach enables one-shot traversal for radix
trees but is not applicable to other trees.

8 Conclusion
This paper presents Shortcut, an ultra-space-efficient B+tree
companion that achieves one-shot traversal by leveraging
intra-query parallelism. By proactively predicting the traver-
sal path in advance, Shortcutmitigates the latency bottleneck
caused by pointer chasing. It introduces several novel tech-
niques to reduce the excessive space overhead to near zero.
Experimental results from both microbenchmarks and pro-
duction workloads show effective latency reduction without
compromising throughput or memory efficiency.
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